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Abstract

Human emotion recognition involves either de-
composing audio signals to reflect the emotion
or processing the corresponding text to extract
the semantic meaning behind it. In this study,
we explore the task of multi-modal emotion
recognition by enriching acoustic representa-
tions with semantic meaning from the corre-
sponding textual transcript. We use an pre-
training strategy to learn the multi-modal rep-
resentations via contrastive learning of token-
by-token alignment of Whisper (speech) and
BERT (text) representations using the Lib-
riSpeech dataset. The aligned multi-modal
features are then used for training an emotion
classifier on IEMOCAP and EmoDB datasets.
Despite the multi-modal representations out-
performing the BERT-only uni-modal base-
lines, our results indicate a marginal underper-
formance compared to the Whisper-only uni-
modal model, suggesting that leveraging addi-
tional textual information during pre-training
might not necessarily improve representations
for a downstream emotion recognition task.

1 Introduction

Speech emotion recognition (SER) is the task of
automatically recognizing human emotions and af-
fective states from oral speech, and has been stud-
ied rigorously in the last decades. It is an essential
task in the human-computer interaction field, with
applications in domains such as speech user in-
terfaces, spoken language processing, and speech
analysis for health (Schuller, 2018).

Typically, the approach for this task consists of
finding the optimal audio feature representation for
the given utterances, and using them as input to
train a classifier. However, these methods focus
only on the para-linguistic acoustic information of
the utterance, such as the tonality, rhythm, into-
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nation, prosody, loudness, and pitch, without any
semantic knowledge of the spoken words.

To that end, some works have looked into lever-
aging the textual information in addition to the
acoustic one for multimodal speech emotion recog-
nition. Many of these look into combining speech
and text features, extracted independently, into
a joint representation using various fusion tech-
niques. However, only a few works have attempted
to jointly learn the alignment between speech and
text at a deeper, token-level (Xu et al., 2019; Sunder
et al., 2022). (Xu et al., 2019) learns the alignment
via cross-attention between speech and text, to pro-
duce representations that are directly used for emo-
tion classification. Whereas, (Sunder et al., 2022)
uses a pre-training approach based on knowledge
distillation to fuse speech and text representations
for intent classification.

Typically in natural language processing (NLP),
tokenization facilitates the generation of organized
language representations, which aid in tasks such
as semantic understanding and language modeling.
It helps in determining the function and context
of individual words, sub-words, or characters in a
sentence. Whereas in speech, the modeling is at
finer-auto frame level.

In this paper, we investigate whether learning
a token-level alignment between speech and text
can produce salient multi-modal representations
enriched with semantic knowledge from textual in-
formation, that could potentially improve speech
emotion recognition. Most of the recent success
in end-to-end speech processing can be attributed
to effective pre-training strategies to obtain robust
speech representations. To that extent, we learn
multi-model representations via a pre-training strat-
egy on a large dataset of 960 hours of transcribed
speech and apply them to a downstream task of
emotion recognition. We hypothesize that using
speech representations enriched with textual infor-
mation will aid in emotion recognition.



2 Related Work

2.1 Unimodal approaches

The typical approaches for unimodal speech emo-
tion recognition can be grouped into three types
of feature extraction and modelling. The first con-
sists of extracting hand-crafted acoustic features
(El Ayadi et al., 2011) at a frame-level, compress-
ing them into an utterance-level representation by
computing statistical functionals or through bag-
of-audio-words modeling, and then giving them as
input to traditional classifiers such as Gaussian Mix-
ture Models (Neiberg et al., 2006), Hidden Markov
Models (Nwe et al., 2003; Schuller et al., 2003),
Support Vector Machines (Mower et al., 2011), or
Neural Networks (Stuhlsatz et al., 2011; Kim and
Provost, 2013). The second consists of directly
modeling at the utterance level with utterance level
spectral features such as MFCCs and spectograms,
or through end-to-end raw-waveform networks (Ey-
ben et al., 2016; Neumann and Vu, 2017; Li et al.,
2020; Kumawat and Routray, 2021). Finally, many
approaches consist of leveraging pre-trained self-
supervised learning (SSL) neural networks through
a zero-shot classification, linear probing, or fine-
tuning framework (Yang et al., 2021; Chen et al.,
2022; Pepino et al., 2021).

2.2  Fusion methods for multimodal ER

Multimodal speech emotion recognition consists of
extracting features from different domains, such as
audio, text, or vision, and combining them through
a fusion mechanism into a unified representation.
These can be categorized into two main types:
model-agnostic fusion, where the fusion is not di-
rectly dependent on a specific deep learning model,
and intermediate layer fusion, which performs the
fusion within a deep learning network.

The model-agnostic category consists of the fol-
lowing sub-categories of approaches:

» Early fusion: extracts feature vectors inde-
pendently from the different modalities, and
naively concatenates them together immedi-
ately after to give as a joint input to a single
classifier (Lazaridou et al., 2015; Williams
et al., 2018; Yoon et al., 2018). This method
is predominant in the literature to successfully
improve performance but does not perform
any sort of alignment between the features of
the different modalities.

* Late fusion: also referred to as decision-level

fusion methods, independently extracts fea-
tures and trains models for each modality, and
then combines their prediction results through
averaging, weighted sum, majority voting, or
deep neural networks to obtain the output (Liu
et al., 2014).

* Hybrid fusion: aims to obtain the optimal
blend of features by strategically using early
and late fusion strategies from different fea-
tures to maximize the utilization of extracted
emotional information.

The intermediate layer fusion consists of the fol-
lowing approaches:

» Simple concatenation fusion: similar to early
fusion, but the concatenated features are high-
level representations (embeddings) taken from
a selected layer of a trained neural network
instead of hand-crafted features.

Utterance-level interaction fusion: explic-
itly models the features at the utterance-level
across different modalities instead of simply
concatenating them.

Fine-grained interaction fusion: consists of
cross-aligning the features of the different
modalities at a token-level. Recent works have
tried using the attention mechanism, which
measures the similarity between features, to
compute this alignment between extracted em-
beddings (Xu et al., 2019; Sunder et al., 2022).

In this work, we use the fine-grained interaction
fusion to fuse our speech and text representations.
However, unlike (Xu et al., 2019), we use a con-
trastive loss to align the text and speech sequences
at a token level, and unlike (Sunder et al., 2022) we
apply this to a speech emotion problem.

3 Methodology

The key idea behind our method is to distill knowl-
edge from a text encoder to acoustic embeddings
via token-by-token alignment of speech and text.
An overview of the proposed framework is given
in Figure 1, which consists of two key parts:

1. Contextualization: we use the speech repre-
sentation of a given utterance to convert the
non-contextual word embedding of the corre-
sponding utterance’s transcript into its contex-
tualized form through a cross-modal attention
mechanism.



2. Alignment: we implicitly inject fine-grained
semantic knowledge from a ‘ground truth’
(i.e. contextualized) text-encoder represen-
tation into the speech representations through
a contrastive loss.
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Figure 1: Architecture of the proposed model.
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Intuitively this makes sense as the text encoder
focuses on the individual token representations
and the contextual information is induced from
the speech representations, to learn a multi-model
representation.

3.1 Speech encoders

We use the Whisper (Radford et al., 2023) model,
a multi-lingually pre-trained model used for robust
automatic speech recognition and translation, to
extract the speech embeddings S € RV*P where
D is the fixed encoder embedding dimension and
N the variable number of frames. Specifically, we
input the mel-filterbank features into the model and
extract the representations from the encoder’s last
layer. We use both the base and large models for
experiments.

3.2 Text encoders

We use the BERT (Devlin et al., 2019) model to
encode the text transcripts of the corresponding
speech utterance into text representations. Specif-
ically, we pass the tokenized input sequence to

the word embedding layer of BERT to obtain our
non-contextual embeddings, T € RMXD where
M is the number of tokens. These are used to
contextualize the speech representations through
cross-attention. The ‘ground truth’ teacher rep-
resentations used for alignment step, denoted as
B € RMXD are the contextual embeddings ob-
tained from final encoder layer of BERT. We exper-
iment with BERT trained on only English text data
and also BERT trained on multi-lingual text data.
We freeze both the speech and text encoders in our
experiments.

3.3 Cross-attention contextualization

We convert the non-contextual text representations
T into contextualized ones using the speech repre-
sentations S and the cross-modal attention mech-
anism. Specifically, the speech representations
are used as the keys and values, and the text non-
contextual embeddings are used as the queries in
the attention’s dot-product computation. Thus, the
representations K € RVXD v e RN*D and
Q € RM*D are obtained as:

K = SW,
V = SW,
Q=TW,

Where Wy, W, and W, € RP*D gre learnable
weights. The final output representations of the
cross-attention, i.e. the contextual embeddings
B, € RM*XD are obtained as:

B, = softmax(QK’)V

3.4 Contrastive alignment

The contextualized representation B can be
aligned with the semantically rich ‘ground truth’
representation B. This takes place at a token level
given that both sequences have the same dimen-
sion M. To that end, we use a contrastive loss
between pairs of token representations to inject
fine-grained semantic knowledge. The cosine simi-
larity between rows ¢ and j of B and B is:
o = B,B/;
7[Bill[IBsjll
Where 7 is a temperature parameter.

The contrastive loss is given as:



O = |log

bexp (s4) +log bexp (84)
25_1exp (sij) 25_1exp (si)
It brings together representations of identical to-
kens (positive pairs), from the different modalities
closer, while simultaneously distancing the repre-
sentations of different tokens (negative pairs).

4 Experiments

4.1 Datasets

We pre-train the model on the 360, 500, and 960
hours train splits of the Librispeech dataset, consist-
ing of read English from audiobooks, and sampled
at 16 kHz. We report all our results on 960 hours of
data. For the downstream evaluation, we used the
EmoDB (Burkhardt et al., 2005) and IEMOCAP
(Busso et al., 2008) datasets, which consist of utter-
ances labeled with an emotion. They contain 7 and
5 emotion classes respectively, as detailed in Ta-
ble 1, and consist of both scripted and improvised
speech. We merge the excited and happy classes in
the IEMOCAP dataset, following previous litera-
ture, and to keep the class distribution in the same
magnitude.

Table 1: Dataset statistics.

EmoDB IEMOCAP

Language German English
Anger 127 1103
Happy 64 1636
Neutral 78 1708
Sad 52 1084
Disappointed 38 -
Fear 55 -
Bored 79 -
Total 493 5531

4.2 Baselines

We compare our extracted contextual and aligned
representations with baselines of speech-only and
text-only representations.

To that end, we use the Whisper encoder, as
detailed in section 3.1 for our baseline. Addition-
ally, based on the strong performance shown for
emotion recognition on the SUPERB leaderboard
(Yang et al., 2021), we also select WavLM, as an-
other speech-only baseline. It is pre-trained on
LibriSpeech 960h corpus with a masked speech
denoising and prediction pre-text task. It contains

94.38M parameters and is leading the SUPERB
challenge namely due to its full stack’ speech rep-
resentations. Due to a lack of consensus on the
optimal layer for emotion recognition, we extract
and use all thirteen encoder layers as independent
features. We then only report the layer giving the
best classification performance.

For our text-only representation, we simply use
BERT’s contextualized embeddings, obtained from
the encoder’s final layer, as described in section 3.2.

We input the selected speech models with the
speech utterances to extract variable-length neural
embeddings S € RY*P in a zero-shot framework,
where D is the fixed encoder embedding dimen-
sion (512 and 768 for Whisper and WavLM re-
spectively), and N the variable number of frames,
contingent on the input utterance length. We then
convert these embeddings into fixed-length statis-
tical functionals f,, € R1*2P by computing and
concatenating the first and second-order statistics
across the frame axis on the extracted features.
For BERT, we obtain an encoding representation
B ¢ RM*P of dimension D = 768 for each to-
ken, and compute the functionals with the identical
methodology across the tokens axis.

4.3 Experimental Setup

Pre-training: We use the Librispeech 960h to pre-
train the model to obtain representations. The
model was trained for different batch sizes and we
observed better results for the higher batch size of
64 using Adam optimizer with a learning rate of le-
4. Figure 2 shows that the training converges over
time. For the best model selection, we follow a k-
NN validation strategy, where k£ = 1. We calculate
the cosine distance between all the pairs of token
representations obtained from the cross-attention
and the teacher (BERT) and evaluate based on the
percentage of matches (least distance between the
corresponding pairs of tokens). Figure 3 shows
the validation plots for different configurations of
hyperparameters.

Downstream task: We split our emotion recogni-
tion dataset(s) of extracted features into Train, Val,
and Test set following a 70:20:10 split protocol.

We train the model(s) on Train using Adam op-
timizer, learning rate 7, and a cross-entropy loss
for 30 epochs. We employ a dynamic learning rate
scheduler to reduce the learning rate 17 when the se-
lected optimization criterion, in this case Val UAR,
shows no improvement after 10 epochs. The classi-
fier is a simple feedforward network composed of
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Figure 2: Convergence of the pre-training strategy.
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Figure 3: Validation plot for different configurations.

three blocks of [Linear, LayerNorm, ReLU] layers
and a final linear layer.

To obtain the most robust classification, we em-
ploy a grid search methodology with the UAR score
as the optimization criterion. We tune and evaluate
the hyperparameters across the Train and Val sets
respectively over the search space given in Table 2.

Table 2: Search space to find optimal hyperparameters.

Classifier Hyperparameters Search space
Baseline Batch size 9(2,10]
le-3, 5e-3
Batch size 9(2,5]
Proposed 7 le3. 162
Model Base, large

We evaluate our multi-classification results using
F1-Score, defined as the harmonic mean of the pre-
cision and recall scores, and Unweighted Average
Recall (UAR) on 7est.

Our experiments were conducted using a num-
ber of different tools, namely PyTorch (datasets
and dataloaders), PyTorch Lightning (training and
testing), Weights & Biases (logging and visualiza-
tion), Hydra (experiment management), Optuna

(hyperparameter sweeps), and Dask-Jobqueue (job
launcher for Sun Grid Engine).

5 Results and Discussion

Table 3: Scores [%] on Test, using the optimal hyperpa-
rameters from the search space.

Dataset Features F1 UAR
BERT (Mono) 29.63 14.29
BERT (Multi) 31.48 17.47
EmoDB Whisper 90.74 86.53
WavLM 98.15 98.57
Ours (Multi) 70.37 72.37
BERT (Mono) 68.95 69.13
BERT (Multi) 66.25 66.51
Whisper 74.55 759
IEMOCAP WavLM 90.74 86.53
Ours (Mono)  73.65 74.32
Ours (Multi) 7473  75.28

Table 3 tabulates the results of emotion recogni-
tion using our representations from the pre-training
against the other baselines. (Mono) refers to the
representations from BERT trained on only English
data and (Multi) refers to the representations from
BERT trained on multi-lingual data.

We can observe from the results that the per-
formance of text-only emotion recognition is far
worse than the performance of speech-only and
our fused speech-text. Furthermore, our fused
speech-text representations surprisingly perform
marginally worse than the speech-only representa-
tions. Given that in our experiments, we froze the
whisper and BERT models for feature extraction,
and updated only the cross-attention module, we
conclude that the entire setup would benefit more
from fine-tuning.

We also observe that the WavLM speech-only
baseline outperforms all other models on both
datasets, including Whisper. This follows existing
literature which suggests that audio-based repre-
sentations are more salient for the task of emotion
recognition than pure speech representations.

The multilingual representations work better in
almost all cases. For the text-only representations,
we can see that the multilingual BERT works better
on EmoDB than the monolingual version, but the
inverse holds true for [IEMOCAP. This follows our
expectations as the EmoDB dataset is recorded in
German, unlike IEMOCAP which is in English.



For the proposed framework, the model with the
multilingual BERT also improves over monolin-
gual one.

Cross Attention Map between text and speech representations

[cLs]

young
lady
in

grey
out

upon

the
moonlight
road

how

they

rode
[SEP]

Figure 4: Cross-modal attention map between speech
and text representations for one sentence from Lib-
riSpeech dataset.

Figure 4 shows the attention map between
speech and text representations for one utterance
from the Lirbispeech dataset. We can observe that
the relationship between the speech frames and
text tokens is temporally coherent through the di-
agonal of the heatmap. Nonetheless, this mono-
tonic alignment appears relatively subdued, corrob-
orating with our prior results, indicating potential
room for further adjustments to this framework to
strengthen this alignment and improve the quality
of the learnt representations.

6 Conclusion and Future Work

In this work, we investigated whether learning a
contrastive multi-modal alignment between speech
and text representations at a token-level could pro-
duce salient representations enriched with semantic
knowledge from the textual information, and could
thus improve on uni-modal representations for the
downstream task for speech emotion recognition.
To that end, we pre-trained multi-modal models in a
proposed cross-attention and contrastive alignment
framework, and then extracted the features from
the learnt cross-attention to compare with those
extracted from just the uni-modal encoder compo-
nents. We found that although the multi-modal
representations improve on the text-only represen-

tations, they perform marginally worse than the
speech-only representations. This suggests that
the additional representations in fact do not help
to improve emotion recognition, and can actually
decrease the performance.

For our future work, we would consider updating
the text and speech encoders in the training phase
to see if it helps to improve the downstream per-
formance. We would also be curious to see if pre-
training WavLM and BERT could yield a higher
improvement over the corresponding speech-only
baseline, when compared to Whisper and BERT. Fi-
nally, we would consider looking at the arousal in-
formation of the downstream utterances instead of
just the emotion classes, as we suspect the scripted
nature of the two downstream datasets could influ-
ence the results when compared to natural data.

Individual Contributions
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space. Additionally, he developed the PyTorch
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IEMOCAP datasets and extracted the features for
the speech-only baselines, namely Whisper and
WavLM. Finally, he made significant contributions
to the drafting the presentation and the report, as
well as editing and reviewing the final versions.

Neha

Neha set up the dataloader for Librispeech and inte-
grated it with the Whisper audio encoder. She also
setup the framework of the proposed pre-training
strategy and conducted the experiments on the Lib-
rispeech dataset across different hyperpameters.
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the dataloaders of IEMOCAP and EmoDB to in-
clude transcripts from the audio datasets and ex-
tracting the text-only BERT representations, the
trained cross-attention features, and developing the
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